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Abstract
Asset management in power transmission systems is one of the significant 
practices carried out by power companies. With the aging of the devices, the 
development of optimized tools, capable of considering failure rates, regulatory 
scenarios, and operational parameters, is increasingly mandatory. The purpose of 
this work is to present a statistics-based tool for optimized asset management. For 
such an objective, we have developed a computational method based on database 
processing and statistical studies that can support decision-making on preventive 
maintenance in the equipment of the electric sector. The final system interface is 
Business Intelligence-based.
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1. Introduction
In this chapter, we will describe a software, based on Business Intelligence, that 
has health data (test data, inspections, and operation) of assets as inputs, as well as 
their technical and constructive characteristics [1, 2]. The software has as outputs 
the possible categorization of assets into families, the calculation and analysis of 
failure rates, and the detection of current or incipient anomalies. Therefore, the 
software includes relational graphs, statistical analysis, and machine learning tools.
In Figure 1, the central conception of the system, which is named as the ISA 
CTEEP Asset Management Support System (AMSS), is shown. Thus, data from 
critical assets, such as power transformers, will also be considered as inputs to the 
software. In addition to making trend and relational graphs, the output module for 
anomaly identification and failure rate calculation, by analyzing test and inspec-
tion data, indicates the probability of a particular asset to needing special care. The 
software architecture was developed so that both input and output modules are 
easily accessible to the users through a graphical interface [3].
The algorithms that perform the relational and critical analysis of the health of 
an asset and calculate its failure rate are hosted within the program called Analysis 
Engine.
Input data may be made available manually by the user or may be directly 
acquired at the ISA CTEEP database. The software should query the database 
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through a database abstraction (interpreter) layer. These architectural details can be 
seen in Figure 1. Figure 2 shows, in detail, the functional layers of the software.
The assessment of the health of major interest assets, such as transformers, 
autotransformers, and reactors, will be made considering three aspects [4]:
a. History of operation and maintenance
b. Routine tests:
• Insulating mineral oil tests:
 ○ Physicochemical tests
 ○ Gas chromatography
Figure 1. 
Structure of the AMSS system.
Figure 2. 
Layers of the AMSS system.
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 ○ Liquid chromatography
 ○ Transformer power factor test
c. Specialized tests:
• Insulation resistance
• Short circuit impedance
• Ohmic resistance
• Transformation ratio
• Inspection of accessories
• Special tests
• Etc.
2. Modeling fault as states
Maintenance procedures are considered inputs to the fault analysis we shall pres-
ent. In total, there are 5371 maintenance records available in the database from the 
end of 2008 to the present moment. Maintenance records are mined in order to find 
relevant information for the analysis. Thus, nonrelevant corrective maintenance 
records are excluded from the analysis. Figure 3 shows the relationship between the 
number of maintenance records as a function of the year of occurrence and the age 
of the asset [5].
Figure 3. 
Summary of the number of records according to the year of occurrence and the age of the asset.
Application of Expert Systems - Theoretical and Practical Aspects
4
From Figure 3 it is possible to observe the existence of sparse data, as better 
highlighted in Figure 4. The same sparsity can be perceived in Figure 5, where the 
relationship between the number of equipment and its age is shown.
Assets can be categorized into states. The ideal state in which the equipment 
must operate is the NORMAL state.
Preventive Maintenance processes can ensure that the asset remains in its 
NORMAL state.
However, even with preventive maintenance procedures, there is a transition 
from the NORMAL state to the DEFECT state, as shown in Figure 6. The state 
transition occurs given a defect rate.
The transition from the DEFECT state (or fault state) to the NORMAL state 
occurs when Corrective maintenance actions are made. The transition takes place 
through a Corrective Maintenance rate, as represented in Figure 7.
Still, there is the FAILURE state, which is characterized by the complete with-
drawal of operation of the asset. The transition takes place through a failure rate, as 
in Figure 8.
Figure 5. 
Number of equipment with respect to equipment age. Sparsity highlighted.
Figure 4. 
Number of maintenance records with respect to equipment age and year of occurrence. Sparsity highlighted.
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In the case of transformers, the FAILURE state can be divided into two others, 
i.e., Internal Failure and External failure, as shown in Figure 9.
The approximation of the defect rate function should take into account the 
quality of the available information. The quality of the information depends on 
the number of maintenance records available and the number of devices [6]. The 
relative quality of the data can be seen in Figure 10.
A similar approximation can be made for the failure rate, as depicted in 
Figure 11, which is modeled by means of a power type function. Figure 12 
also shows the failures involving peripheral elements and the active parts of 
transformers.
Figure 6. 
State transition functions (I).
Figure 7. 
State transition functions (II).
Figure 8. 
State transition functions (III).
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Figure 9. 
State transition functions (IV).
Figure 10. 
Relative quality of the available data as a function of the asset age.
Figure 11. 
Approximation of the failure rate.
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3. Business intelligence interface
All intelligence embedded in the AMSS systems was implemented using the 
concept of Business Intelligence, which uses graphical reports to represent data. The 
software was divided into nine pages, with several graphical analyses each. The first 
page can be seen in Figure 13.
In this screen, the user can choose the Substation, the Equipment type, and 
also the Voltage class, among 729 available equipment in 4843 available corrective 
maintenance records, as exemplified in Figure 14.
Figure 13. 
Business intelligence Interface page 1.
Figure 12. 
Failures for peripheral (orange) elements and active (red) parts.
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Figure 14. 
Selecting substations, equipment, and voltage class detail from page 1.
Figure 15. 
Equipment fabrication histogram by year (page 1).
Figure 16. 
Corrective maintenance records by age (page 1).
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In Figure 13, it is still possible to visualize, in detail, the histogram of the manu-
facturing year of the equipment, as well as the Corrective maintenance records 
by age, detailed in Figures 15 and 16, respectively.
The Maintenance priority is detailed in Figure 17.
Page 2 displays graphical reports involving all corrective maintenance records 
for all devices, as can be shown in Figure 18.
In Page 3 of the AMSS system, Figure 19, it is possible to see the correlations 
of corrective maintenance records with the age of the assets, which are shown in 
Figures 20 and 21.
Figure 17. 
Maintenance priority (page 1).
Figure 18. 
Business intelligence Interface page 2.
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Figure 19. 
Business intelligence Interface page 3.
Figure 20. 
Detailed number of corrective maintenance records by asset age from page 3.
Figure 21. 
Detailed age count by age from page 3.
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Page 4 presents the user with information from chromatographic assays for 
power transformers that can be individually selected, as can be seen in Figure 22.
Pages 5 and 6 still address information from chromatography tests, showing the 
gas emission evolution over the years, as well as the correlation between the tests 
and the corrective maintenance history for each asset, as seen in Figures 23 and 24, 
respectively.
The emission evolution of H2, CO, CO2, total dissolved combustible gases, CH4, 
C2H4, C2H6, and C2H2 can be seen in details in Figures 25–32.
Page 7 shows the behavior of the dissolved gases as a function of time. The user 
can select a particular asset or analyze the evolution globally, this is, for all assets. 
Figure 22. 
Business intelligence Interface page 4.
Figure 23. 
Business intelligence Interface page 5.
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Figure 24. 
Business intelligence Interface page 6.
Figure 25. 
Detailed H2 emission evolution from page 5.
Figure 26. 
Detailed CO emission evolution from page 5.
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Figure 27. 
Detailed CO2 emission evolution from page 5.
Figure 28. 
Detailed TDCG emission evolution from page 5.
Figure 29. 
Detailed CH4 emission evolution from page 6.
Application of Expert Systems - Theoretical and Practical Aspects
14
Figure 30. 
Detailed C2H4 emission evolution from page 6.
Figure 31. 
Detailed C2H6 emission evolution from page 6.
Figure 32. 
Detailed C2H2 emission evolution from page 6.
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This behavior is shown in Figure 33. The detailed evolution of the dissolved gases as 
a function of the age of the assets can be seen in Figure 34.
Page 8 presents the integrated analyses involving the relationship between 
corrective maintenance records and chromatographic tests, as exemplified in 
Figure 35. Figure 36 shows the trend line of maintenance records per year as a 
function of the age of the asset.
Finally, Page 9, which is shown in Figure 37, performs an integrated analysis of 
the health of an asset, along with its maintenance history.
It can be seen from Figure 37 that the circles represent the transformers, and the 
diameter of each circle is related to the corrective maintenance rate per year to which this 
asset is subjected. The ordinate axis represents the current condition that this asset is in.
Figure 33. 
Business intelligence Interface page 7.
Figure 34. 
Detailed dissolved gases evolution from page 7.
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4. Conclusions
Asset management in the power sector, especially in transmission systems, 
has been driving the development of increasingly efficient feature extraction 
tools.
This chapter has introduced an integrated method based on business intelligence 
that analyzes data and failure rates in order to assist decision-making. The compu-
tational system takes into account technical information from the assets, data from 
chromatographic tests, as well as standard information regarding the operative 
condition of the assets, especially power transformers.
Figure 36. 
Detailed trend line for corrective maintenance from page 8.
Figure 35. 
Business intelligence Interface page 8.
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Figure 37. 
Business intelligence Interface page 9.
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